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These days, conventional medical & healthcare system procedures
are being altered by new, highly developed technologies. New
technologies based on improved data access, deep learning, Al, big
data, the cloud, and other machine learning techniques include rising
mobile health (M-Health) systems. Early risk identification, ongoing
monitoring, and customised therapies that take individual differences
in genetics, lifestyle, & environmental factors into account are
necessary for preventive healthcare and personalised health
promotion. Through statistical analysis and data-driven decision
making, this study offers an intelligent machine learning-based
platform intended to enable personalised health promotion and
preventative healthcare. To create reliable predictive and
classification models, the suggested method combines a variety of
health data sources, such as wearable sensor data, electronic health
records, and lifestyle data. To identify disease risk patterns, predict
health outcomes, and suggest individualised preventive measures,
advanced machine learning techniques like supervised learning,
model ensembles, and deep neural architecture are used. By
facilitating proactive and customised health interventions, the model
prioritises early disease prediction, lower healthcare costs, and more
patient participation. The suggested ML-based models show good
accuracy, scalability, and flexibility across a variety of demographic
groupings, according to experimental evaluations. The results
demonstrate how sophisticated machine learning systems have the
ability to improve population wellness and standard of life by
converting traditional reactive medical care into a proactive,
individualised, and preventative healthcare paradigm.
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1. INTRODUCTION

The study of artificial intelligence (Al) aims to imitate human intellect in machines. After
that, the machines are able to carry out tasks that would normally require human intelligence on
their own. Machine learning (ML) as well as deep learning (DL) are two subsets of artificial
intelligence (Al). By using data instead of explicit programming, machine learning (ML) improves
the predictive accuracy of software applications. In contrast, DL [1], a subset of ML, uses example-
based learning to construct a hierarchy of knowledge. These core concepts of Al are used to create
analytical models that enable the practical use of this useful technology. Al has advanced
significantly since its inception in the 1950s in a number of fields, including manufacturing, sports
analytics, autonomous vehicles, and, recently, in primary care & preventive medicine.

In the fields of Al and computer science, primary care & preventive medicine—also
referred to as routine medical procedures, including outpatient settings—are expanding. Some
primary care sectors have been proactive and welcoming of Al & its potential, despite the fact that
Al offers countless uses in the healthcare industry. For example [2], the Forward clinics are a
medical centre that uses technology in conjunction with traditional doctor-led programs to offer
more comprehensive and long-term treatment. The technology addition enables biometric
monitoring, gene testing, skin cancer detection, and round-the-clock monitoring. Like all Al
solutions, the Forward clinic faces a number of obstacles, including price and additional physician
training. Even if the Forward clinic is only one instance of how Al may be incorporated into
primary care, the application of Al in primary care may be further divided into healthcare domains
like screening and pre-operative care.
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Figure 1. Current methods vs. Al-assisted methods in primary care

Generative artificial intelligence (Al) systems have the ability to address persistent issues
facing the healthcare sector, such as high costs, protracted drug development procedures, worn-out
medical personnel, and uneven healthcare delivery. As shown in Figure 1 [3], Al solutions have the
potential to lessen the load on providers and patients by automating documentation activities,
accelerating therapy development, and improving clinical decision support.
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1.1 Problem Statement

The use of machine learning technologies to healthcare analytics has advanced
significantly, however current methods are not very good at supporting preventive healthcare and
personalised health promotion. Reactive disease diagnosis instead of early risk prediction is the
main focus of current systems, which frequently rely on [4] dispersed data sources and lack
effective integration of portable sensor data along with lifestyle information. Additionally, a lot of
machine learning models are unable to generalise across a wide range of populations & do not offer
customised preventive advice based on each person's unique health profile.

Therefore, the design of a machine learning-based framework that can effectively integrate
fragmented healthcare data, reliably forecast health concerns at early stages, and enable tailored
preventative actions is the topic addressed in this study. The framework should convert
conventional reactive health care systems into proactive, individualised preventative healthcare
solutions while achieving high prediction accuracy, scalability, and adaptability.

1.2 Main Contributions of the Proposed Method

1. Integrated Intelligent Health Care Framework: To enable complete preventive healthcare
and individualised health promotion, we propose a single ML-based structure that integrates
disparate health data sources, such as wearable sensor data, electronic health records, and
lifestyle information.

2. Advanced Prediction and Classification Modelling: To precisely anticipate disease risks,
categorise medical problems, and predict patient health outcomes at a young stage, the study
makes use of supervised learning, ensemble approaches, and deep learning architectures.

3. Proactive and Personalised Preventive Strategy Enablement: By converting healthcare
delivery from the reactive model to a proactively and preventive paradigm, the suggested
system enables individualised preventive advice, enhances patient participation, and lowers
healthcare costs.

2. LITERATURE REVIEW

The goal of this work is to create an efficient personalised lifestyle prescription algorithm
for lowering the chance of common kinds of CVD since a variety of CVD can be avoided by
changing lifestyle behaviours [5]. In actuality, though, the underlying connections between risk
factors (such as blood pressure, lifestyle choices, etc.) and the start of disease are very complicated.
Due to individual effort-benefits considerations and uncertainties in illness development, it is also
difficult to determine effective modification prescriptions for various individuals. In order to
overcome these obstacles, this study created a novel data-driven method for recommending
customised lifestyle behaviours using ai learning and a customised exponential utility role model.

This field of study, which includes the Internet of Things (IoT), behavioural science, and
edge analytics, examines the justifications, methods, and timing of human tech adoption [6]. The
importance of machine learning (ML) in loB-based wellness and healthcare applications stems
from its capacity to instantly analyse and interpret vast amounts of complex data, offering novel
insights that can improve healthcare outcomes and increase the effectiveness of loB-based wellness
and healthcare processes, thereby supporting diagnosis, treatment protocols, as well as clinical
decision making. Due to the lack of comprehensive research on the use of ML-based techniques in
relation to loB for medical applications, we carried out a study on this topic and introduced a novel
ontology that emphasises the necessity of employing each ML method differently.
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One particularly promising approach to developing customised health monitoring systems
that can accurately and effectively predict health outcomes is deep learning (DL) [7]. DL-based
approaches present a convincing plan for improving healthcare delivery through precise and
prompt prognostications of medical disorders as personal health information becomes more widely
available. A thorough analysis of current developments in using DL for individualised wellness
tracking and prediction is provided in this article. It provides an overview of a wide variety of DL
architectures and their real-world applications in a number of fields, including wearable
technology, electronic health records (EHRs), along with social media data.

A large number of these technologies are the result of human-centered [8] Al applications
in training, education, and entertainment. However, its use in enhancing healthcare has been very
restricted thus far. By outlining a picture of how future teenage preventive medical treatments
might be administered both within and outside of the clinic, we demonstrate the prospects offered
by Al-driven adaptive technology for adolescent preventive healthcare. Concerns about privacy,
ethics, embedded bias, and the integration into clinical procedures and adolescent lives are among
the major difficulties raised by Al-driven health solutions. Examples of empirical results regarding
the efficacy of artificial intelligence (Al) tools for adaptive coaching and user modelling are shown,
highlighting its potential for usage in adolescent health.

3. METHODS AND MATERIALS

Heterogeneous health data from many sources is used to construct the suggested intelligent
machine learning-based framework for personalised health promotion and preventative healthcare.
To enable precise disease risk predictions and individualised [9] preventive treatments, the
methodology focusses on methodical data collecting, preprocessing, extraction of features, and
dataset creation.

3.1 Data Collection

In order to obtain thorough information on each person's health status, the health data
utilised for this study was gathered from a variety of sources. Patient demographics, medical
condition, lab test results, diagnostic information, and prescription records are all structured clinical
data that can be found in electronic health records. Longitudinal perspectives on patient health
states and patterns of illness progression are provided by this data. Wearable sensor technologies,
which continually track parameters including heart rate, level of exercise, sleep length, and calorie
expenditure, are used to gather physiological data in along with clinical data. Mobile health apps
and self-reported surveys are used to collect lifestyle and behavioural data, such as food habits,
frequency of physical activity, stress levels, smoking habits, and alcohol use. To guarantee security
and confidentiality, all gathered data is anonymised and managed in compliance with ethical
guidelines and data protection laws.

3.2 Data Preprocessing and Extraction

Due to differences in acquisition source and user behaviour, the gathered raw data
frequently contains noise, missing numbers, and discrepancies. Preprocessing is therefore done to
improve the quality and dependability of the data. Duplicate and insufficient data are eliminated,
and missing data are treated using the proper statistical imputation procedures. To lessen their
influence on model performance, outliers are found and reduced. To ensure consistency across
time-series data, wearable sensor data is synchronised with clinical records via temporal alignment.
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Selecting pertinent clinical, physiological, and behavioural characteristics that support disease risk
classification and preventive healthcare analysis is known as data extraction.

3.3 Feature Engineering and Feature Selection

A crucial stage in converting unprocessed health data into useful representations
appropriate for neural network models is feature engineering. Electronic health records are used to
extract clinical features such laboratory biomarkers, chronic illness indicators, and vital signs.
Statistical characteristics such as baseline heart rate [10], variability in heart rate, exercise intensity,
sleep efficiency, even sedentary behaviour are generated from wearable sensor data. Numerical as
well as categorical formats are used to encode lifestyle-related characteristics, including stress
levels, nutritional quality indicators, physical activity scores, and behavioural risk factors. To
provide consistency across various feature ranges, feature normalisation and scaling are used. To
increase computational speed and model generalisation, redundant and unnecessary features are
removed using dimensionality reduction techniques and correlation analysis.

3.4 Dataset Construction and Labeling

All features are combined into a single dataset that represents each person's health profile
following feature extraction and selection. To classify people into various health risk levels, like
low risk, medium risk, and severe risk, the dataset is labelled based on past medical results and
clinical guidelines. Supervised learning for illness risk prediction and tailored health promotion is
made easier by these labels. In order to guarantee objective model evaluation and avoid overfitting
during model training, the dataset is thereafter divided into subsets for training, validation, and
testing.

3.5 Model Description

Several machine learning-based models are used in the suggested preventive healthcare
framework to enable personalised health promotion, assist ongoing health monitoring, and properly
predict illness risk. By learning intricate correlations between various health markers, these models
are meant for handling heterogeneous healthcare data, such as clinical records, connected device
measurements, and lifestyle information.

The suggested approach is based on supervised learning models, which are used to classify
health status and predict disease risk [11]. The likelihood of a disease occurring is estimated using
logistic regression and a sigmoid function, which is stated as

p 1 _ 1
1 + e_(BO"'Z?:l Bixi) - 1 + e_(BO+Z1il=1 Bixi)

€y

where P(y = 1|x) shows the parameters of the learnt model. Additionally, Support Vector
Machines are used to improve robustness in high-dimensional medical datasets by identifying ideal
decision boundaries by maximising the margin between various risk classes.

Ensemble learning approaches are used to improve predictive performance and lower
model variation. A majority vote of each classifier determines the final prediction in Random
Forest models, which combine several decision trees. One way to depict the group decision is as

y = mode{h,(x), hy(x), ..., hp (%)} (2)

with mode denoting the prediction of the h,(x) tree. Additionally, Gradient Boosting techniques
iteratively improve predictions by using sequential weak learners to minimise the loss function,
which is written as
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En(x) = Fpeq (%) + Yimhm (%) 3)
where F,, is the learning rate and F,,,_, represents the newly added learner.

Deep learning algorithms are used to identify intricate and nonlinear patterns in massive
amounts of medical data. Each of the several hidden layers that make up the deep neural network
transforms the input characteristics in a nonlinear way. Each hidden layer's output is calculated as

hD = O'(W(l)h(l_l) + b(l)) (4)

where h® represent the bias vector & weight matrix, accordingly, and (W®r=D +p®)
symbolises the function of activation [12]. These models provide individualised preventive
treatments and allow for precise health outcome prediction.

Recurrent learning algorithms are used for time-series wearable data-based continuous
health monitoring. By preserving internal memory states, Long Short-Term Memory systems
efficiently simulate temporal dependencies. The model is able to capture long-term metabolic
patterns that are crucial for early identification of diseases because the LSTM cell refreshes are
controlled by gated mechanisms that control information flow over time steps.

By calculating individual risk scores using model projections, personalised risk
stratification is accomplished. These ratings are used to provide customised preventive suggestions
and to classify people into various risk levels [13]. The cross-entropy loss rate is minimised during
model training.

N
L=—=) [ylog(@) + (1 —y)log(1l —F;)] (5)
i=1

Model parameters are updated iteratively using optimisation algorithms like gradient
descent or machine learning techniques.

4. IMPLEMENTATION AND EXPERIMENTAL RESULTS

The implementation specifics of the suggested intelligent machine learning-based
preventative healthcare framework are presented in this section, along with a discussion of the
experimental findings from thorough assessments [14]. In order to assist preventative healthcare
and individualised health promotion, the experiments are designed to verify the efficacy,
scalability, and predict accuracy of the suggested models.

4.1 Implementation Details

In a computing cloud environment, the suggested system is built utilising common
machine learning along with deep learning frameworks. Several machine learning models are
trained and assessed using the integrated dataset, which was created from wearable sensor data,
lifestyle information, and electronic health records [15]. To enable objective performance
evaluation, the dataset is normalised and split into testing, training, and validation subsets before
training. Cross-validation is used for hyperparameter tuning in order to maximise model
performance and avoid overfitting. Using continuous mobile sensor inputs, the solution allows real-
time risk prediction and provides scalable processing of diverse healthcare data.

The dataset utilised in the evaluation of the experiment is summarised in Table 1 [16],
which also shows the amount of extracted characteristics and the impact of each data source. The
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model's capacity to capture comprehensive medical trends required for proactive healthcare
analysis is improved by the integration of various data sources.

Table 1. Dataset Summary

Data Source Features Count Description
Electronic Health Records 25 Clinical and demographic information
Wearable Sensors 18 Physiological and activity-based measures
Lifestyle Data 12 Behavioral and lifestyle indicators

4.2 Model Comparison and Performance Assessment

Several machine learning models, such as Logistic Regression, the Support Vector
Machine, a Random Forest [17], gradient booster, & Deep Neural Network, are used to assess the
suggested framework. Standard evaluation criteria including precision, accuracy, and recall are
used to measure performance. The comparative performance outcomes of these models are given in
Table 2.

Table 2. Performance Comparison of Machine Learning Models

Model Accuracy (%) | Precision (%) | Recall (%)
Logistic Regression 84.2 82.7 81.9
SVM 86.5 85.1 84.3
Random Forest 91.3 90.4 89.6
Gradient Boosting 92.6 91.8 91.1
Deep Neural Network | 94.1 93.2 92.8

The findings show that deep learning and ensemble models perform noticeably better than
conventional supervised learning techniques. With the maximum accuracy of 94.1%, a deep neural
network shows that it can identify intricate nonlinear correlations in a variety of healthcare data.

The accuracy contrast between various machine learning models is shown in Figure 2. The
steady increase in accuracy demonstrates how well sophisticated models work for early illness risk
detection and preventive medical applications.

Intelligent Machine Learning—Based Models for Preventive Healthcare and Personalized Health Promotion
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Accuracy Comparison of Machine Learning Models for Preventive Healthcare
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Figure 2. Accuracy Comparison of Machine Learning Models for Preventive Healthcare
4.3 Personalized Health Analysis and Risk Stratification

Based on expected risk scores, people are divided into several risk levels in order to assess
the efficacy of the suggested framework in tailored health promotion. Table 3 shows the
distribution of people in the low-risk, moderate-risk, & high-risk categories.

Table 3. Population Risk Stratification Results

Risk Level Number of Individuals Percentage (%)
Low Risk 420 46.7
Moderate Risk 310 34.4
High Risk 170 18.9

The findings show that the suggested model successfully differentiates between different
health risk levels, allowing for focused preventive measures. While high-risk individuals can be
given priority for clinical follow-up, a sizable portion of people are categorised as low or moderate
risk, highlighting chances for early lifestyle-based preventative interventions.

The population risk category distribution is shown in Figure 3, which clearly illustrates

how the suggested methodology facilitates preventative healthcare planning and individualised
health evaluation.
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Population Risk Stratification Distribution
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Figure 3. Population Risk Stratification Distribution
4.4 Discussion of Results

The suggested intelligent machine learning-based system delivers good predicted accuracy,
resilience, and scalability, according to the experimental results. Proactive healthcare delivery is
supported and model performance is greatly improved by integrating of heterogeneous health data.
The outstanding results of deep learning and ensemble models shows that they are appropriate for
personalised health promotion and preventative healthcare. Overall, the results confirm that the
suggested strategy is successful in converting conventional reactive health care systems into pre-
emptive, data-driven, and individualised preventative healthcare solutions.

5. CONCLUSION

In order to convert conventional reactive medical facilities into proactive, data-driven
preventative solutions, this article proposed an intelligent machine learning-based architecture for
preventive medicine and personalised health promotion. The suggested method successfully
captures extensive health patterns necessary for early risk of disease predictions and individualised
intervention planning by combining heterogeneous medical data sources, such as wearable sensor
data, electronic medical records, and lifestyle information.

The efficacy of several machine learning and a deep learning models in predicting illness
risk and classifying health status was assessed. According to experimental findings, sophisticated
models—in particular, deep neural networks and ensemble learning techniques—achieved better
prediction performance than traditional supervised learning strategies. The deep learning algorithm
demonstrated its capacity to model intricate nonlinear interactions in extensive healthcare datasets
by achieving the greatest accuracy. The framework's capacity to classify people into discrete risk
levels, allowing for focused preventative measures and early therapeutic interventions, was further
validated by the risk stratification analysis.

The results show that the suggested framework supports ongoing health monitoring and
individualised health promotion while enhancing predictive accuracy, versatility, and flexibility
across various population groupings. The technology helps lower healthcare costs, improve patient

Intelligent Machine Learning—Based Models for Preventive Healthcare and Personalized Health Promotion



63 a

participation, and improve overall health outcomes by facilitating early identification of health
problems and personalised preventive advice.

Future research will concentrate on integrating explainable Al techniques to increase
model openness and clinical trust, federated learning for improved data protection, and real-time
adaptive learning. Personalised preventative healthcare capabilities could also be strengthened by
incorporating genomic as well as environmental data and expanding the structure to larger, global
datasets.
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